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Introduction
It is well documented that stock returns are affected by firm size (Fama and French, 1992) , book-to-market (Fama and French, 1993) , momentum (Jegadeesh and Titman, 1993; Moskowitz and Grinblatt, 1999; George and Hwang, 2004) , volatility (Goyal and Santa Clara, 2003; Ang, et al., 2006) and liquidity (Amihud, 2002; Acharya and Pedersen, 2005; Liu, 2006) . However, there is no consensus in the literature as to which one of these characteristics best explains returns. Asness et al. (2013) find that momentum and value characteristics significantly influence asset prices across countries and across asset classes. Liu (2006) contend that the illiquidity characteristic for stock trading discontinuity is able to subsume the book-to-market effect. Foran et al. (2014; show that the liquidity risk premium is reduced when asset pricing models incorporate the momentum factor. Cotter et al. (2015) find that the idiosyncratic volatility characteristic has been the most important priced factor during the recent UK economic downturn. Fama and French (2015) and Hou et al. (2014) find that the book-to-market and momentum factors become unimportant in explaining returns after controlling for the investment and profitability factors. The investigation of the explanatory power of stock characteristics is not only of empirical value for investors in selecting stocks 1 , but is also of theoretical value for academics in understanding the relative importance in priced factors 2 .
This study employs a novel econometric approach, the semiparametric characteristic-based factor model developed by Connor, Hagmann and Linton (2012) (CHL hereafter) , to evaluate the relative power of stock characteristics to explain returns on the London Stock Exchange (LSE). The widely adopted approach in multi-factor asset pricing models relies on sorting each variable by a predetermined cut-off rate to construct characteristic portfolios which are used to generate factor returns for a given stock characteristic (Fama and French, 1992; 1995) . When more than three characteristics are included in asset pricing models, the total number of characteristic portfolios will increase substantially causing higher correlations between factor returns due to poor diversification of the portfolios (e.g. Fama and French, 1 Barberis and Shleifer (2003) provide a theoretical justification for multi-factor asset pricing models in which investors make style investments based on stock characteristics. Investors classify stocks into these styles to save information processing cost when making their investment decisions among thousands of stocks. 2 Stock characteristics, which affect returns, can be formed into priced factors. However, whether these factors represent systematic risk or mispricing attracts much debate in the literature. For example, the disposition effect can cause return momentum as investors are reluctant to sell losers relative to winners, leading to prices slowly reacting to new information (e.g. Grinblatt and Han, 2005; Daniel et al. 1998; Stein, 2000, Barberis et al. 1998) . In this sense, momentum is more likely to be a mispricing factor. However, Liu and Zhang (2008) and Sagi and Seaholes (2007) show that winners have greater growth-related risk (i.e. a greater factor loading on the growth rate of industrial production) than losers, suggesting that return momentum can be a priced risk factor. 2015). Using the traditional sorting method to evaluate the relative explanatory power of a large number of stock characteristics is therefore empirically challenging. The challenge is even greater in a country with fewer listed stocks than in U.S markets. Lee (2011) reports that around 3000 stocks were listed in U.S markets from 1988 to 2008 while the UK market is the largest European market with only one third of this number of stocks. Given that U.S.
markets have the largest number of stocks in the world, it can be argued that the characteristic sorting approach is still able to estimate factors there 3 . However, the CHL method which does not rely on characteristic sorting to obtain factors is more suitable for the UK market and other developed and emerging markets which have a smaller number of stocks than in U.S.
Thus, the CHL method is an important novel methodology for assessing relevant investment risk in international financial markets outside U.S. Moreover, multinational institutions and investors can use this approach to identify regional factors in order to diversify their portfolios. Fama and French (2015, p19) note that "the most serious problems of asset pricing models are in small stocks". It is therefore important to construct size portfolios that accurately reflect the difference in market capitalisation between small and large firms. However, when a market contains many small stocks and few large stocks the identification of the size portfolios becomes difficult. With 935 stocks on the LSE main board as in August 2014, the FTSE 100 index including 100 largest UK domestic stocks represents 84% of total market capitalisation, indicating that there are a large number of small stocks in the UK market. A 50% cut-off rate to sort firm size according to French (1993, 1995) can underestimate the large size portfolio's market capitalisation leading to a downward bias in the size factor return. One possible solution is to use a finer sorting on firm size such as a 25% or 20% cutoff rate. Since the size portfolios have to interact with other characteristic portfolios, the finer sorting can significantly increase the total number of characteristic portfolios, some of which will not be well diversified in markets with fewer stocks. The CHL approach overcomes this empirical difficulty because it uses stocks' own market capitalisation to estimate the size factor return. Therefore, the UK market is ideally suited to the application of the CHL method to obtain multiple characteristic factors.
3 One typical example is the work of who formulate 125 (i.e. 555 ) characteristic-based benchmark portfolios for size, past one-year return and book-to-market ratio. The method needs at least 3750 (i.e. 30 125  ) sample stocks to eliminate idiosyncratic risk in a given characteristic portfolio making this method less implementable to adjust raw returns for stocks outside U.S. equity markets.
The CHL methodology builds upon an existing literature on characteristic-based factor models. Connor and Linton (2007) employ multivariate kernel methods to obtain returns for factor-mimicking portfolios, which are used as independent variables to estimate factor returns and betas from a parametric nonlinear regression. CHL modify the Conor and Linton (2007) approach by estimating factor returns and beta directly from individual stock characteristics instead of constructing factor-mimicking portfolios. The CHL characteristicbased factor model is a weighted additive regression model in which each beta function is a time-invariant unknown function of one stock characteristic while the corresponding factor return is a time-varying parametric weight for the beta function.
We evaluate the relative importance of five stock characteristics (size, book-to-market ratio, momentum, volatility, and liquidity) in two ways. First, we consider the incremental contribution of the characteristic of interest to the fit of the model. Each of the five stock characteristics is combined with the market factor and the R 2 is then compared to assess explanatory power. In addition, we drop each of the characteristics from the complete model and compare the reduction in R 2 in each case. Second, since the CHL method can generate a time-series of estimates for each factor return, we can test whether the factor return is statistically different from zero in a given month. Then, the percentage of sample months in which each factor return is significant can be a yardstick to evaluate the relative importance among the five characteristics. This approach is similar to the two-step procedure followed in Fama and Macbeth (1973) and Cotter et al. (2015) where the changing explanatory power of each constructed factor over time is observed using a regression based on a backward-looking sample rolled forward one month at a time. In contrast, in the CHL procedure, the characteristic information of the entire sample is used in one step to estimate the loadings and monthly factor returns.
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Our primary results show that the relationships between stock characteristics and their factor betas are nonlinear. Consistent with the findings of Connor and Linton (2007) , the evidence suggests that factor premia exist in the full spectrum of sample stocks rather than just in stocks with an extreme characteristic. However, the liquidity-beta function has a relatively flat slope among the five characteristic-beta functions, implying that stocks returns are not as sensitive to the liquidity premium as to other characteristics' premia. In the R 2 analysis, the two-factor model that combines the market and momentum factors has the highest R 2 .In contrast, the liquidity based two-factor model has the lowest R 2 , indicating its relative unimportance. Also our results show that the momentum factor is statistically significant in a higher proportion of sample months than other factors while the liquidity factor is significant least often. We undertake various robustness tests to check the consistency of our results.
When we separate sample months according to the state of the economy, the results reveal that the momentum and liquidity characteristics are the most and least important factors respectively even in a downturn of the economy. Finally, we include stock previous month returns, as the month-by-month reversal factor in addition to the six-factor model, to check the robustness of our results. The result shows that the momentum characteristic remains the most important one. Therefore, we conclude that the momentum characteristic can best explain stock returns.
The paper proceeds as follows. Section 2 presents the methodology. Section 3 describes the data. Section 4 reports results and Section 5 concludes.
Methodology
Rosenberg (1974) first models expected return as a linear combination of book-to-market ratio and market value of equity. The factor returns are estimated by cross-sectional regression of returns according to the betas. Thus, excess returns it y for stock i at time t is linearly dependent on stock characteristics
where jt f is the factor returns for characteristic j and it  are the mean zero asset specific returns. Fama and French (1993) modify the Rosenberg approach by approximating factor returns by returns of constructed portfolios. Fama and French (1993) estimate the factor betas using a time series regression of stock excess returns on the factor returns. Connor and Linton (2007) combine the two approaches. They assume the factor betas are smooth nonlinear functions of security characteristics. In a model with factors analogous to Fama and French, they form a grid of equally spaced characteristic pairs. They use multivariate kernel methods (see, e.g., Pagan and Ullah, 1999) to form factor-mimicking portfolios for the characteristic pairs from each point on the grid. Then they estimate factor returns and factor betas simultaneously using bilinear regression on the set of factormimicking portfolio returns. More precisely, they specify a model of the form
where the jt F are factor-mimicking portfolios constructed from a grid of characteristic pairs using multivariate kernel approaches, and each   j G  is a smooth time-invariant function of characteristic j, but they do not assume a particular functional form. The curse of dimensionality (see Pagan and Ullah, 1999) limits the number of distinct factors that can be used in Eq (2). The required portfolio sorting in the Fama and French model to create these factors becomes infeasible for more than three factors with typical sample sizes.
CHL develop a new estimation methodology that efficiently uses both the time series and cross-sectional dimensions of the data. By restricting the factor betas to be non-linear functions of the security characteristics , ji X they specify the following model
The univariate nonparametric functions   ff are re-estimated by cross sectional regressions. These last two steps iterate until a convergence criterion is satisfied. CHL establish the asymptotic theory for the suggested estimation procedure. In contrast to the traditional portfolio approach, the recursive estimation procedure in CHL does not need any portfolio grouping or multivariate kernels in estimating the model. By avoiding the curse of dimensionality the CHL model allows for any number of factors with no theoretical loss of efficiency.
This methodology has also a number of additional advantages over the procedure of creating factor-mimicking portfolios. Fama and French (1993) estimate the size and value factor returns by double-sorting stocks in terms of size and the book-to-market ratio. Then, factor betas are estimated by running a time-series regression on the factor returns. The factor returns used in the Fama-French procedure lack rigorous statistical theory to justify their consistency and also standard errors do not fully account for all sampling error. In addition, when the estimated factor returns serve as explanatory variables in the time-series regression, there is a potential errors-in-variables problem in the subsequent process of estimating factor betas. In contrast, since the CHL approach uses all sample stocks' characteristics to estimate each factor return and its associated beta, it is able to generate consistent and asymptotically normal estimates for factor returns and betas that are not obtainable by using the FamaFrench procedure.
Data and variables
Our sample includes all London Stock Exchange (LSE) listed stocks from October 1986 to December 2011. The stock monthly return series, stock market capitalisation, stock book-tomarket ratio, and stock trading volume are extracted from Thomson Reuters Datastream. We include only common stocks listed in LSE and exclude preferred stocks, unit trust, close-end and open-end funds through filtering on data type. In addition, we check stock-quoted currency and remove those that are not quoted in Sterling. This screening procedure filters out stocks with American Depository Receipts traded in the LSE. Finally, we have a total of 311,639 firm-month observations with 1028 stocks in each month on average.
The construction of size and value characteristics follows Fama and French (1993) . We require that each sample stock must have valid information for market capitalisation and book-to-market ratio in June of each year. The size characteristic in each month equals the logarithm of the previous June's market value of equity. Likewise, the value characteristic equals the ratio of the book value of equity to the market value of equity in the previous June.
In addition to the Fama-French size and value characteristics, we construct three additional characteristics, namely momentum, volatility and liquidity. The effect of the three additional characteristics on cross-sectional stock returns are well documented in the asset pricing literature (e.g. Jegadeesh and Titman, 1993; Goyal and Santa-Clara, 2003 and Liu, 2006) .
The momentum variable is measured as the cumulative twelve month return up to and including the previous month. The volatility variable is defined as the standard deviation of the stock return over twelve months up to and including the previous month. We use Liu's (2006) 
The first term in the bracket is the number of non-trading days for a given stock in the previous 12-month period. The 12-month turnover is the sum of daily stock turnover over the prior 12 months ending in the previous month. Daily stock turnover is the ratio of the number of shares traded on a particular day to the number of shares outstanding at the end of the day.
The value of 1,000,000 is chosen as a deflator to constrain the term ( 1/ (12-month turnover) 1, 000, 000 ) between zero and one 5 . NoTD is the number of trading days in prior 12 months. LM12
incorporates the number of non-trading days with the stock turnover ratio, making it ideal for capturing trading continuity. For each stock, the size and value characteristics are held constant from July to June while the momentum, volatility, and liquidity characteristics change each month based on prior 12-month information. Accordingly, the empirical analysis starts from October 1987, one year after the starting point of the dataset. Finally, when we estimate the factor return function in Eq(4), the five characteristics are standardised in each month to have zero mean and unit variance.
The construction of traditional factor-mimicking portfolios uses a predetermined cut-off rate on stock characteristics. For example, stocks within the top and bottom 30% of book-tomarket ratio are defined as value and growth portfolios respectively in Fama and French (1993) . The value premium is the return difference between the value and growth portfolios.
The process of our factor return generation as specified in Eq (3) does not impose any cut-off rate for a given stock characteristic. Rather, the factor return function is estimated simultaneously from all sample stocks not only just from two particular portfolios with strongest and weakest stock characteristics. This approach can potentially improve estimation efficiency.
Results
In this section, we present summary statistics for our data (subsection 4.1), estimate the model and discuss the characteristic-beta functions (4.2), relate the estimated factors to factor-mimicking portfolio returns (4.3) and compare the explanatory power of each characteristic (4.4). The robustness of our findings is examined in subsections 4.4 and 4.5.
Summary statistics
Insert Table 1 here Table 1 reports firm characteristics for sample stocks from October 1987 to December 2011.
For each of five characteristics, we obtain each one's cross-sectional mean in each month and report their time-series averages across the sample period. Panel A is for the whole sample period, while Panel B and C are for two sub-sample periods, October 1987 to December 1999
and January 2000 to December 2011, respectively. First, the average firm size in the UK stock market has nearly doubled from a half million to one million pounds across the two sub-sample periods. The significant increase of average firm size in the later period reflects the attractiveness of the LSE for world-wide investors and the resulting opportunities for firm growth. In addition, a number of large IPOs took place in the LSE during 2000-2006 6 . The average of the book-to-market ratio remains relatively stable during the two periods (0.68 in the first period and 0.73 in the second period) although, in the later sample period, the bookto-market ratio has a larger variation than in the earlier one (standard deviation is 0.11 in the first period versus 0.33 in the second period). The pattern of past 12-month returns has changed over the two periods. In the earlier period, the average of past 12-month returns is positive (1.15%) and becomes negative (-9.31%) thereafter. Negative past 12-month returns in the second period reflect the impact of the 2007 financial crisis on UK stock returns. Our volatility measure also changes between the two periods for the same reason. Whilst the average of return volatility across all sample months is 0.13, it has also increased from the first period (0.11) to the second period (0.14). Finally, while the overall liquidity measure in the UK stock market is around 115.12, it has significantly decreased in the second sub-period from 162 days in the first sub-period to 66 days in the second sub-period 7 .
Characteristic-beta functions
Insert Table 2 here Table 2 reports the estimates of the characteristic-beta functions at selected percentiles and the heteroskedasticity-consistent standard errors for each of these estimates. 8 Across size, book-to-market, momentum, volatility, and LM12, the standard errors are small in the middle range of standardised characteristics where data is denser and are larger in the two tails where the data is sparser. Estimates for the liquidity characteristic-beta in the bottom and top quintiles do not vary because the data points for LM12 do not change below the 20 th percentile and beyond the 80 th percentile. These values of the LM12 measure reflect that some stocks have no zero-trading days in the previous 12-months while other stocks were never traded during this period.
Insert Fig 1 here
The characteristic-beta functions across characteristic points are also plotted in Figure 1 of the value characteristic implying that the marginal increase in the value premium is negative in this region. French (1993, 1996) claim that the book-to-market ratio is a proxy for distress risk which is more prevalent in high book-to-market firms. We find that the value-beta function has a rising slope for most firms but not for extremely high book-tomarket firms 9 .
Our finding of the nonlinearity of five characteristic-beta functions has implications for analysis of characteristic-based return premia in equity markets. Our results suggest that stock characteristics can be directly embedded in beta functions to estimate returns. It also implies that the marginal return premium for each characteristic is not linearly proportional to the difference in return premia between firms with extreme characteristics.
Factor correlations
In this subsection, we compare the estimated factors to the factor portfolio returns from the original Fama-French procedure. RMRF is a market factor which is the value-weighted market return over the 3-month UK Treasury bill rate. SMB is the monthly return difference between small capitalisation portfolios minus large capitalisation portfolios. HML is the monthly return difference between high book-to-market portfolios and low book-to-market portfolios (Fama and French, 1993) . FF_Mom is a momentum factor and is calculated as the monthly return difference between past 12-month winner portfolios and loser portfolios (Carhart, 1997) . These factors are provided by Gregory et al. (2013) 10 . Liquidity is the return difference between the top 30% of stocks and the bottom 30% of stocks in terms of Liu's liquidity measure (Liu, 2006) which is provided for the UK by Wu et al. (2012) . The simple correlation analysis can evaluate whether our semiparametric estimated factors are similar to the Fama-French factors and whether the liquidity and volatility factors can provide additional information beyond the Fama-French factors. The correlation matrix in Table 3 shows results.
Insert Table 3 here 9 In addition, Dichev (1998) and Griffin and Lemmon (2002) find that most distressed stocks are growth stocks with low book-to-market ratios suggesting that the value feature is not a proxy for distress. 10 We are grateful to Gregory et al. (2013) for providing the UK Fama-French factors on their website, http://business-school.exeter.ac.uk/research/areas/centres/xfi/research/famafrench/files/.
The estimated market factor has a correlation coefficient of 0.77 with RMRF 11 while the estimated momentum factor has a correlation coefficient of 0.64 with FF_Mom. The correlation coefficient between the estimated book-to-market factor and HML is 0.60.
Liquidity has a correlation coefficient with LM12 of 0.31. The evidence reveals that although we do not impose any predetermined cut-off rate to define extreme stock characteristics, the semiparametric estimated factors share a large amount of similarities with the factors generated by factor-mimicking portfolios. SMB has a negative correlation with size at -0.21.
This negative correlation is attributable to the model specification that the semiparametric estimation procedure uses standardised firm size information to estimate the premium as explained earlier. The estimated volatility factor has a positive correlation (0.67) with the Fama-French market factor, implying that the volatility premium likely increases in a bull market. However, the volatility factor has negative correlations with HML (-0.19) and We use the average R 2 of the cross-sectional regressions after convergence to assess the fit of the model. Then, we evaluate the relative explanatory power of each characteristic in the model in two ways. First, we singly add one of five factors along with the market factor to formulate a two-factor model. Second, we take the difference in R 2 between the 6-factor model (by including all five characteristics) and the 5-factor model by dropping one of the five factors except for the market factor. The R 2 difference then can be interpreted as each factor's incremental explanatory power in the full model. Panel A in Table 4 shows results.
Insert Table 4 here
The six-factor model that includes all five characteristics and the market factor has R 2 of 4.56%. The two-factor model combining the momentum characteristic with the market factor 11 Connor and Korajczyk (1988) show that the dominant statistical factor in a large asset market is approximately identical to the equally-weighted index return. The market factor in our model is derived from the regressions with equal weights amongst a large sample of stocks. It is not surprising that the equally weighted market factor has a high correlation with the value weighted index return.
has R 2 of 1.67% which is higher than that of the market factor with any combination of other characteristics. When the liquidity characteristic combines with the market factor, the model has R 2 of 0.85%. The second row in Panel A shows the reduction in R 2 when one of the characteristics is individually dropped from the six-factor model. The momentum factor has a marginal R 2 contribution of 0.97% to the six-factor model, while the liquidity factor only has 0.24%. In terms of R 2 , our results reveal that the momentum characteristic is the most important in explaining return variations. In contrast, the liquidity feature has least explanatory power for returns.
Statistical significance of estimated factors
The alternative way to assess the relative importance among five characteristics is to count the number of cross-sectional regressions in which the t-statistic for each factor return is significant at a 95% confidence level across all 291 months. 12 Panel B in Table 4 shows results. The momentum factor returns are statistically significantly different to zero in more than half of sample months (54%) suggesting that it is the most important factor. This proportion is even higher than that of the market factor (49%). The liquidity factor is the least important factor only significant in 27% of sample months. The difference between the two proportions is highly significant as the proportion of months for which the liquidity factor is significant is outside the confidence interval for the momentum factor. The book-to-market factor is significant in about one third of the sample months which is outside the 49% lower bound of the 95% confidence interval for the momentum factor indicating that it is also less important than the momentum characteristic. The second row in Panel B tests these overall pvalues under the null hypothesis that the factor return is zero in each period. The p-values are zero for all the six factors implying that they are individually and statistically significant.
Consistent with the R 2 results, stock momentum, as one of stock past return patterns, is a relatively more important characteristic, while the liquidity characteristic as proxied by the trading speed is the least important one.
The liquidity factor has been well documented as an important priced risk factor affecting returns in US markets (e.g. Pastor and Stambaugh, 2002 , Amihud, 2002 , and Liu, 2006 . However, our empirical results provide less support for this argument in the UK market. Our evidence suggests that the liquidity factor may not be a systematic risk factor. When investors are in the process of selecting stocks, the features of size, momentum and growth are likely to act as first line criteria in making investment decisions rather than stock liquidity. It can be argued that there is less variation in liquidity in LSE compared to US markets explaining our result. Stock prices are generally positively correlated with liquidity (Amihud, 2002) . In the UK, the majority of stock prices are less than £3 ($5) indicating little variation in liquidity.
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In contrast, US stock prices exhibit much larger variations ( Weld et al, 2009) . Consistent with our results, Mazouz et al. (2010) also find that stock liquidity is not a priced factor in the UK market. Also, recent findings of Foran et al. (2014; show that the level of liquidity as a characteristic has very limited power to explain UK stock returns. The result that the momentum characteristic is the most significant factor affecting returns is consistent with the recent finding of Asness et al. (2013) which shows that the momentum effect exists across countries and across asset classes (i.e. futures, and commodity markets).
Sub-period analysis
The impact of stock characteristics on stock returns can also depend on economic conditions.
For example, Zhang (2005) contends that high book-to-market firms behave as distressed firms in a downturn of the economy when the price of risk is high implying that the value effect should be more pronounced in economic downturns rather than upturns. Petkova and Zhang (2005) provide further empirical evidence that the value premium is higher in bad times in support of Zhang (2005) . Thus, it is worth examining whether the relative importance among the factors will be affected by economic conditions. To shed light on this issue, we re-test the relative importance amongst the characteristics in different states of the economy. We define up and downturns of the economy in three different ways as the top and bottom quintile of sample months based on the UK GDP growth rate, the UK industrial production growth rate and the UK term spread defined as the yield difference between 10-year UK government bonds and T-bill respectively 14 . The three macro-economic variables are widely used to indicate macro-economic conditions (e.g. Fama and French, 1988; .
Our choice of a cut-off rate of 20% to define the up-and down-turn of the economy is consistent with Petkova and Zhang (2005) . Table 5 shows results.
Insert Table 5 here 13 According to Wu et al. (2012) , 30% of LSE listed stocks had a price of £0.50 or less at the end of 2009.
14 The information on the three variables was downloaded from Datastream.
In terms of the GDP growth rate in Panel A, the market characteristic is significant in 57% of the economy upturn months, while the momentum and size characteristics are significant in exactly half of the economy upturns, followed by the volatility (45%), the book-to-market (43%) and the liquidity (33%) characteristics. In times of economy downturns, the momentum characteristic is statistically significant in 67% of months which is higher than the market factor (52%). The difference of 15% is also statistically significant because 67% is outside the upper bound of the 95% confidence interval for the market factor. Inconsistent with Zhang (2005)'s explanations for the book-to-market effect, we find that the book-tomarket characteristic is more significant in economy upturns than in downturns (43% against 32%). The characteristic of stock liquidity is significant only in 37% of the downturn months which is roughly the same as that of the upturn months (33%). The result suggests that liquidity is relatively less important for stock returns regardless of the state of the economy.
We then use an alternative definition of states of the economy. Panel B separates the sample months according to the industrial production growth rate. The momentum factor is significant in 58% of the upturn months and 53% for the downturn months. For the book-tomarket characteristic, there is no statistical difference between up and downturns. The liquidity characteristic is only significant in 32% and 29% of the upturn and downturn months, respectively, which are the two lowest ratios among the six characteristics. It should be noted that the momentum effect is significantly different to the liquidity effect (58% against 32%) indicating that the momentum characteristic is more important than liquidity in explaining stock returns. When we use the term spread to define up and downturns in Panel C, our main results are nearly unchanged. The momentum characteristic is of similar importance to that of the market, while the liquidity characteristic remains the least important.
Since Datastream provides few firms' information on trading volume at the start of sample period, we separate the whole sample into the earlier period (10/1987 to 12/1999) and the later period (01/2000 to 12/2011) when the trading volume information has a wide coverage.
Panel D reports results. In the earlier period, the momentum characteristic is significant in 53% of the sub-period months and this ratio is roughly the same as that of the market factor. In the later period, the momentum effect seems to be more important than the market effect, since the ratio of 56% is significantly higher than 46%. In both periods, the liquidity characteristic is significant in less than one-third of sample months. We also find that the book-to-market effect is also relatively weaker in the second sample period. Overall, our results indicate that the characteristics of book-to-market and liquidity are less important than other four characteristics, while the momentum characteristic is the most important one in the two periods.
Robustness check
Our primary result shows the importance of the momentum characteristic to explain stock returns, implying that past price information may affect investor behaviour in making investments. To check the robustness of the importance of momentum, we include the lagged monthly return as an additional control factor together with previous factors. We call the new factor the monthly reversal factor 15 . If investors are more responsive to the most recent return information, the momentum effect, as an aggregate of past 12-month information, may become weak. Jegadeesh and Titman (1993) shows that momentum profits are reduced if one month is skipped between the portfolio formation and the portfolio holding period. We repeat the previous analysis in Table 4 by including the new monthly reversal factor, and our full model is the seven-factor model. Results are reported in Table 6 16 .
Insert Table 6 about here Panel A reports that R 2 for the full model is 4.95%, which is slightly higher than the sixfactor model of 4.56% in Table 4 . In the second row, if one of factors is dropped from the seven-factor model, the R 2 is less affected by liquidity (0.26%) and lagged returns (0.35%) and more by momentum. Therefore, by including the new monthly reversal factor as a control, the importance of momentum remains the same as in our previous results. Panel B shows the percentage of months in which each factor is statistically significant. The market factor is significant in 49% of sample months. Amongst other characteristics, the momentum factor has the highest percentage ratio at 53% indicating that it is more important than others. In contrast, the characteristics of liquidity and lagged returns are significant in only 28% and 13%
of sample months respectively. The second last row tests the null hypothesis that each of the monthly factor returns is zero. The results show that we can reject this null hypothesis for all seven factors.
15 Stock returns also exhibit a negative autocorrelation across two consecutive months (Hameed and Mian, 2013; Jegadeesh, 1990 and Da et al. 2013) , which is called month-by-month return reversals. This return irregularity implies that a stock's previous month return is also an important characteristic in influencing the next month's returns. 16 Results based on the state of the economy are omitted to save space. These results are generally consistent with our main results and are available upon request.
The results in this section reveal that the importance of momentum characteristic is robust to the inclusion of the monthly reversal factor. Despite the fact that past one-month returns are new information relative to past 12-month returns, our results show monthly reversals are one of the weakest factors affecting returns. Investors have difficulty implementing a reversal strategy perhaps since reversals are largely driven by unexpected liquidity shocks (Da et al., 2014; Hameed and Mian, 2013) .
Conclusions
Stock returns are driven by firms' own characteristics. We address an important empirical question as to which firm characteristic can best explain stock returns in the UK market. To answer this question, we employ a semiparametric approach to estimate the characteristicbased factor model first introduced by CHL. While this study is the first out-of-sample analysis to apply the new method, we also augment the CHL model by including the liquidity characteristic (Liu, 2006) along with the market, size, book-to-market, volatility and momentum factors. Following the CHL methodology, we find that factor betas exhibit nonlinear relationships with stock characteristics consistent with Connor and Linton (2007) and CHL. The nonlinearity implies that the marginal return premium for each characteristic is not linearly proportional to the difference in return premia between firms with extreme characteristics. We also find that the liquidity-beta function is relatively flat compared to other characteristic-beta functions suggesting that stock returns are not as sensitive to the liquidity premium as to other characteristics' premia.
We evaluate the relative importance among stock characteristics in terms of the fit of the model and the percentage of months in which each factor is significant. We find that the momentum characteristic is relatively more important and gives a greater contribution to R 2 than other characteristics. In contrast, the liquidity characteristic contributes least to R 2 . The momentum factor is significant in half of the sample months, while the liquidity factor is significant in less than one third of the sample months. The result that the momentum and liquidity characteristics are most and least important holds when we separate the sample months according to the economy downturns and upturns and the earlier and later sample periods. Finally, when we add the monthly reversal factor to check the robustness of the momentum effect, we still find strong return explanatory power for momentum and relatively weak explanatory power for liquidity.
Our evidence supports that past return patterns are the most salient characteristic in explaining stock returns in the UK market Asness et al. 2013 ).
However, the liquidity characteristic proxied by stock trading continuity is shown to be relatively unimportant in explaining stock returns after controlling for other characteristics.
This perhaps can be attributed to a lack of variation in liquidity in the UK market. These results imply that investors use past return patterns as one of their first line criteria when making investments rather than the speed with which they can sell stocks. Note: Size is a stock's total market capitalisation, book-to-market is book value equity over its market value equity, momentum (mom.) is a stock's cumulative prior twelve monthly returns including the previous month, volatility is the standard deviation of the stock return over twelve months up to and including the previous month, liquidity (LM12) follows definition of Liu (2006) and is given at (5) in text. For each of five stock characteristics, we obtain the cross-sectional mean in each month and report their time-series averages across the sample period in the table. Note : The model is estimated by weighted nonlinear regression using a 6-factor model. The factor betas are restricted to have average zero and variance one for identification.
Figure 1 Non-linear characteristic beta functions
Note : Results for each function are displayed over a support ranging from the 2.5% to the 97.5% percentile of the respective stock characteristic. factor-mimicking portfolio returns(FF_Mom). RMRF is a market factor which is the value-weighted market return over the 3-month UK Treasury bill rate. SMB is the monthly return difference between small capitalisation portfolios and large capitalisation portfolios. HML is the monthly return difference between high book-to-market portfolios and low book-to-market portfolios. FF_Mom is the monthly return difference between past 12-month winner portfolios and loser portfolios. Liquidity is the return difference between low liquidity portfolios and high liquidity portfolios based on zero trading days and the share turnover ratio during past 12 months. Note : This table shows the time-series averages of R 2 statistics as a measure of the explanatory power of the factor model and the percentage of months in which each factor is statistically significant. The six-factor model includes the market, size, book-to-market, momentum, volatility and LM12 factors. The first row in Panel A shows average R 2 from cross-sectional regressions when one factor is combined with the market factor. The second row in Panel A shows changes of average R 2 from cross-sectional regressions when one factor is dropped from the six-factor model. Panel B shows the percentage of months in which each factor is statistically significant. The 95% confidence interval and the associated p-value are based on count statistics with binomial distributions under the null hypothesis that the factor return is zero in each period. The table reports the percentage of months in which each characteristic-based factor is statistically significant at the 5% level. We use GDP growth, industrial production growth and term spread to define up and downturns of the economy in Panels A, B, and C respectively. 'Upturns' and 'downturns' are the top and bottom 20% of months according to one of the above macroeconomic variables. In Panel D, we further separate the sample into the earlier period (10/1987 to 12/1999) and the later period (01/2000 to 12/2011). The 95% confidence interval and the associated p-value are based on count statistics with binomial distributions under the null hypothesis that the factor return is zero in each period. Note : This table shows the time-series averages of R 2 statistics as a measure of the explanatory power of the factor model and the percentage of months in which each factor is statistically significant. The seven-factor model includes the market, size, book-to-market, momentum, volatility, LM12 and monthly reversal factors. The monthly reversal factor (Lag_ret) is a stock's previous monthly return which is used to control for month-by-month return reversals. The first row in Panel A shows average R 2 from cross-sectional regressions when one factor is combined with the market factor. The second row in Panel A shows changes of average R 2 from cross-sectional regressions when one factor is dropped from the seven-factor model. Panel B shows the percentage of months in which each factor is statistically significant. The 95% confidence interval and the associated p-value are based on count statistics with binomial distributions under the null hypothesis that the factor return is zero in each period.
